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Abstract. Generalized Linear Models (GLMs) provide a unified approach that en-
compasses most of the linear models. However, they could not been properly used
in agricultural sciences. In this review, we (1) examined the correctness related
to the application of GLMs to agricultural sciences; and (2) provided a guideline
for their suitable use. From a total of 832 articles identified, 155 articles were
retained for the review. The results revealed that the use of GLMs in agricultural
sciences has increased over time. However, in most cases (57.42%), GLMs outputs
were not well interpreted. Moreover, useful expected findings from the use of GLMs
were not reported in several papers. Indeed, 27.95% of the selected articles did
not assess the goodness of the models and 21.30% did not report the significance
of the coefficients. Our work has revealed the gap between the introduction of a
statistical method and effective use in real world situations. A practical guideline
with regard to GLMs has been provided.
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Résumé (Abstract in French) Les modèles linéaires généralisés (GLMs) constituent
une approche unifiée qui englobe la plupart des modèles linéaires. Cependant, ils
pourraient être mal utilisés dans les sciences agricoles. Dans cette revue, nous
avons (1) examiné l’exactitude de l’application des GLMs aux sciences agricoles
et (2) fourni une ligne directrice pour leur utilisation appropriée. Sur un total de
832 articles identifiés, 155 ont été retenus pour l’examen. Les résultats ont révélé
que l’utilisation des GLMs dans les sciences agricoles a augmenté au fil du temps.
Toutefois, dans la plupart des cas (57,42 %), les résultats des GLMs n’ont pas été
bien interprétés. En outre, les résultats utiles attendus de l’utilisation des GLMs
n’ont pas été rapportés dans plusieurs articles. Par exemple, 27,95 % des articles
sélectionnés n’ont pas évalué la qualité des modèles. Notre travail a révélé l’écart
entre l’introduction d’une méthode statistique et son utilisation effective dans des
situations réelles. Un guide pratique concernant les GLMs a été fourni.
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oratoire de Biomathématiques et d’Estimations Forestières (LABEF), University of
Abomey-Calavi (UAC), Benin
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1. Introduction

In several research fields such as agriculture, economy, and sociology, researchers
are interested in modelling the relationship between variables. In many cases,
the linear models are sufficient to correctly describe the link between a response
variable and one or more explanatory variables, and to explain a biological phe-
nomenon (Bel et al., 2016; Ruı́z et al., 2023). However, the use of the linear models
require some assumptions to be validated: the errors are independent, normally
distributed, with a mean of 0 and constant variance (Neter et al., 1996; Ruı́z et
al., 2023). In most situations, real data do not satisfy these assumptions, limiting
the use of linear models (Agresti, 2015). Generalized Linear Models (GLMs) are an
extension of the classical linear models allowing to overcome these assumptions
and to model observations whose probability law belongs to the exponential family
(Ruı́z et al., 2023). First presented under this name by Nelder and Wedderburn
(1972), GLMs have been deeply discussed by McCullagh and Nelder (1989).

GLMs have several areas of application ranging from medicine to conservation
biology. For instance, in epidemiology, the logistic model is widely used to provide
a basic tool for epidemiological investigation of chronic diseases (Khuri et al.,
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2006). In entomology, GLMs are applied to relate changes in insect behavior to
changes in the chemical composition of a plant extracts (Hern and Dorn, 2001).
In conservation biology, presence/absence or count data are most analyzed using
GLMs with an appropriate error structures (Bourne et al., 2007).

However, despite its flexibility in dealing with complex responses and many
variables, GLMs are challenging for applied researchers (Pekár and Brabec, 2016).
One the other hand, in agricultural sciences and related fields, for instance, non
normal data are common (Bolker et al., 2009; O’Hara and Kotze, 2010). Examples
include presence/absence of species in plots (binomial), weed count or number of
parasites per plot (Poisson or negative binomial), time to flowering (exponential or
gamma), disease rating category (multinomial), and proportion of leaf area affected
(beta) (Bolker et al., 2009; Stroup, 2015). This can explain the increasing number
of publications in agricultural sciences that use GLMs (Bourne et al., 2007).
However, the effective use of this statistical method in the field of agricultural
research is not always assessed. Indeed, researchers with basic background in
statistics/biostatistics are limited in their ability to use GLMs to analyze their data
(Bourne et al., 2007). This often leads to incorrect use and misinterpretation of
the results (Pekár and Brabec, 2016). Researchers can erroneously conclude that
variables have a meaningful effect when in fact they do not (Zuur et al., 2009).
The necessity for accurate biological inference therefore calls to adequately employ
GLMs to minimize the risk of Type I error (Hilbe, 2011). Moreover, the purpose
of data analysis is decision making. Therefore, the misuse of GLMs can lead to a
wrong decision and can also make the research findings difficult to replicate (Kim
et al., 2011). The misuse and misinterpretation of statistical methods may have
serious and irreversible consequences such as loss of life.

The main objective of this study is to contribute to an effective use of GLMs in
agricultural sciences. The research question addressed is: are the GLMs effectively
applied in agricultural sciences and related fields for data analysis? Specifically,
the study has (1) reviewed the use of GLMs for data analysis in agricultural
sciences and related fields; (2) identified research and knowledge gaps from the
use of GLMs in agricultural sciences and related fields; and (3) proposed guidelines
for effective use of GLMs and provided an example which is apply to agricultural
data.

The rest of the paper is organized as follows. In Section 1, we present the prob-
lematic linked to the use of GLMs and the objectives of the present study. Section
2 presents the principles of GLMs, while Section 3 describes the methodological
aspects of the study. The main findings from the study are presented in Section
4. Section 5 formulates the research and knowledge gaps. Sections 6 and 7
respectively present the general guidelines for an effective use of GLMs and
the concluding remarks. In Appendix, an application guideline in R software is
presented.

2. Principle of GLMs

GLMs are extensions of the classical linear models (Guisan et al., 2002). A linear
model describing the relationship between Y = (y1, ..., yn), a vector of observations
(a continuous response variable) and X, the matrix of explanatory variables, is
written as:

Y = Xβ + ε (1)
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where β and ε represent the vectors of model parameters and residuals, respec-
tively.
It is also possible to write the same model through the expectancy of Y considering
X without explicitly specifying ε.

E(Y |X) = µ = Xβ (2)

This linear model can be transformed to a generalized linear model (Olsson, 2015)
by replacing µ by g(µ) in equation (2).

g(µ) = Xβ = η (3)

η is a linear combination of the covariates and g(·) defines the relationship between
µ and η. g(·) is called a link function.
GLMs is defined through three components:

1. a random component which specifies the distribution of the response variable
belonging to the exponential family, whose probability density function is:

f (y; θ;ϕ) = exp

{
yθ − b(θ)
a (ϕ)

+ c(y;ϕ)

}
(4)

where a(·), b(·) and c(·) are known functions, ϕ is a dispersion parameter and
θ a canonical parameter (McCullagh and Nelder, 1989). Many commonly used
distributions in the exponential family are the Normal, Binomial, Poisson, and
Gamma distributions.

2. a systematic component, which defines a linear combination of the covariates
in the model, such that η = α+ β1x1 + β2x2 + ...+ βkxk.

3. a link function g(·) relating η to µ so that η = g(µ). If g(.) is the identity function,
we obtain the special class of ordinary linear models and when g(.) is the log
function, we are in the case of Poisson models.

A GLM has the following properties: θ = g(µ), E(Y ) = µ = b′(θ) and V ar(Y ) =
a(ϕ)b′′(θ). For instance, Poisson distribution can be written as a special case of an
exponential family distribution as follows:

P [Y = y;λ] =
λy

y!
e−λ = exp(y log λ− λ− log(y!)) (5)

Bi Comparing the equation (5) with (4), it is shown that (5) is a special case
of (4) with θ = log(λ), b(θ) = λ, c(y, ϕ) = − log(y!) and a(ϕ) = 1. Poisson distribution
is therefore a special case of exponential family distribution and is the random
component of Poisson model.

In GLMs, parameters estimation is carried out through the maximization of the
likelihood function. The likelihood function in y is:

L(y; θ, ϕ) =
n∏
i=1

f (yi; θi, ϕ) (6)

=

n∏
i=1

f (yi;xiβ, ϕ)

=

n∏
i=1

exp{yixiβ − b(xiβ)
a(ϕ)

+ c(yi, ϕ)}

The log-likelihood becomes:

`(y;β, ϕ) =

n∑
i=1

[
1

a(ϕ)
(yixiβ − b (xiβ)) + c (yi, ϕ)

]
(7)

Journal home page: http://www.jafristatap.net



B.E. Lokonon, P.M.B. Guedezoume, S.M.M. Essetcheou and R. Glèlè Kakaı̈, African
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To obtain the maximum likelihood estimates, iterative optimization algorithms are
used. The most used is the Newton-Raphson algorithm (Bel et al., 2016) whose
expression at the (k + 1)-th iteration gives:

β̂(k+1) = β̂(k) −H−1
(
β̂(k)

) ∂`(y, β)
∂β

(8)

where H
(
β̂(k)

)
= ∂2`(y,β)

∂β∂βT is the Hessian matrix.

3. Methods

The review was conducted following Preferred Reporting Items for Systematic
Reviews and Meta-Analyses (PRISMA) guidelines (Figure 1). Published papers in
agricultural sciences and related fields were identified using platforms such as
MDPI, Science Direct and Google Scholar. The keywords used in the search were:
”Generalized Linear Models”, ”GLMs”, ”use of GLMs in agricultural sciences”. The
following related fields were included separately in the search in combination
with the keywords: ”agronomy”, ”food nutrition”, and ”ecology”. The review was
conducted considering the period from 2009 to 2022. In total, 832 papers were
recorded. Commentaries, purely descriptive studies, and letters were excluded.
The exclusion criteria were chosen to help in the elimination of studies that are
outside the scope of this study. This resulted in 155 selected papers, which were
retained for the review.

From each selected paper, we recorded the year, field, type of data, whether
GLMs were required to analyse data regarding the methodology and the study’s
objectives or not, and whether GLMs were used or not, and the distribution of
the response variable. We checked if the goodness of the model was fitted, and
which kind of goodness fit test was used, and if the significance test is done and
interpreted. Moreover, we recorded the software used to perform the analysis and
finally the suitable interpretation of outputs.

Count and relative frequencies were computed for the recorded data and tables and
figures were drawn to summarize the information. Research and knowledge gaps
have been identified, guidelines suggested and application to real data discussed.

4. Assessment of effective use of GLMs in agricultural sciences and related
fields

Four research fields were recorded from the selected articles, namely crop produc-
tion, genetics, ecology and evolution and food nutrition (Table 1). The research field
with the highest number of articles was food nutrition (37.42%) followed by ecology
and evolution (17.42%). Genetics (3.23%) had the smallest number of the reviewed
papers considered.
The use of GLMs in agricultural sciences and related fields increased over time
(Figure 2). From 2009 to 2022, the use of GLMs in agricultural sciences and related
fields has increased five-fold (Figure 2).
Two distributions of exponential family were mostly used in the selected papers,
namely Binomial (41.94%) and Poisson (21.94%) distributions (Figure 3). Other
distributions such as Negative Binomial (11.61%) and Gamma (1.29%) were also
encountered. Moreover, 19.35% of the selected papers did not report the response
variable (Figure 3). Reporting the distribution of the response variable is important
since different link functions may be used for a given distribution. For instance,
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832 articles identified
through search terms

811 articles containing
generalized linear models

293 articles contaning general-
ized linear models in agricutu-
ral sciences and related fields

155 articles selected
in the final review

21 articles duplicated

507 articles were excluded be-
cause they contained theore-
tical and not applied studies

149 studies were excluded because
they were not original papers
(abstracts and commentaries)

Fig. 1: Flow chart diagram of papers selection process

binary data may be suitably analyzed with probit link function instead of logit link
function.
In the selected papers, four goodness of fit tests were used (Figure 4). Akaike In-
formation Criterion (AIC, 44.52%) was mostly used followed by Deviance (8.45%),
Bayesian Information Criterion (BIC, 5.16%) and Pseudo R-Square (4.53%). It was
also noted that 4.52% of the papers used AIC and BIC at the same time. Moreover,
27.95% of the selected articles did not report the goodness of fit tests used. It is
important to report the goodness of fit tests for assessing whether the test used is
the most suitable. For instance, of the selected papers that use AIC as goodness
of fit test, more than half should use AICc (corrected AIC) since the sample sizes
in those papers were less than 100.
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Table 1: Number of selected papers according to journal and research fields

Fields Journals n (%)

Crop
production
25 (16.13%)

Field Crop Research 22 (14.19%)

East African Journal of Sciences 2 (1.30%)

International Journal of Science 1 (0.65%)

Genetics
5 (3.23%)

Genetic Selection Evolution 2 (1.30%)

Forest Ecology and Management 1 (0.65%)

BMC Genetics 2 (1.30%)

Ecology and
evolution
27 (17.42%)

BMC Evolution 3 (1.94%)

Journal of Agricultural Ecology 9 (5.81%)

Agriculture Ecosystems and Environments 6 (3.87%)

Ecosystems Services 5 (3.23%)

Parasite and Vector 4 (2.58%)

Food nutrition
58 (37.42%)

Journal of Agriculture and Food Chemistry 40 (25.80%)

Food Energy Security 4 (2.58%)

Journal of Bionutrition Science 1 (0.65%)

Nutrition Journal 7 (4.52%)

Food Biotechnology and Nutritional Sciences 6 (3.87%)

Food Control 39 (25.16%)

center

Fig. 2: Trend of the use of GLMs

Furthermore, 59.35% of the selected articles used wald test while 19.35% used
likelihood ratio test to assess the significance of the coefficients. In addition,
21.30% of the papers did not report the test used to assess the significance of
the coefficients (Table 2). Likelihood ratio tests are not recommended for small and
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Fig. 3: Distributions of the response variable

Fig. 4: Goodness of fit tests considered

moderate samples. However, of the selected papers that use likelihood ratio tests
for assessing the significance of the coefficients, third had small samples (less than
100).
It was noted that the need to use GLMs existed in 93.55% of the papers reviewed.
However, in most cases (57.42%), the GLMs outputs were not well interpreted (Ta-
ble 3). The model parameters were interpreted in these papers like in the case of
classical linear models. Normally, in GLMs, the interpretation of model parame-
ters depends on the link function considered. For instance, for a Poisson model,
log(λ) = β0 + βx, increasing x by 1 unit multiplies the mean value of the response
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Table 2: Coefficients significance test

Tests n (%)
Likelihood ratio test 30 (19.35%)
Not Reported 33 (21.30%)
Wald Test 92 (59.35%)
Total 155 (100%)

variable by exp(β). In similar terms, for a logistic model, log
(

p
1−p

)
= β0 + βx, with p

the probability of success, the interpretation of the model parameters is done with
odds, odds = p

1−p . Indeed, increasing x by 1 unit multiplies the odds by exp(β).

Table 3: Interpretation of GLMs outputs

Good interpretation n (%)
Yes 66 (42.58%)
No 89 (57.42%)
Total 155 (100%)

According to the selected articles, the most frequently used software was R
(24.51%) followed by SPSS (12.91%) and SAS (11.61%). The remaining articles
(50.97%) did not mention the software used.

5. Research and knowledge gaps

While GLMs are increasingly used, there are few studies (Bel et al., 2016; Pekár
and Brabec, 2016) guiding users for adequate choice of specific method. From the
selected papers, it was observed that most of the outputs (in 57.42% of the papers)
were not well interpreted. Moreover, about 21% and 27% did not report the signifi-
cance of the coefficients and the assessment of the models adequacy, respectively.
Therefore, the main consequence is the difficulty to assess the reliability of the
results and the validity of conclusions. Collaboration with statisticians may lead
to better research designs, data analysis, and interpretation.
The most used GLMs in agriculture and related fields are Poisson, negative
binomial, logistic and gamma models (Bourne et al., 2007). One of the advantages
of GLMs over ordinary linear models is that GLMs do not require a transformation
of the response variable to satisfy application conditions. However, the use of
GLMs in agriculture and related fields suffers from some difficulties related to the
nature of the data considered.

For count data in agricultural research, the use of the Poisson model suffers from
a shortcoming linked to the equi-dispersion assumption (mean equal variance) of
the response variable. Indeed, in agriculture and related fields, data often show
overdispersion (variance greater than mean). In this situation, the dispersion
parameter (variance over mean) is greater than 1. It is often recommended to use
negative binomial model as alternative to Poisson model for dispersion parameter
greater than 1 (Lokonon, B. and Glèlè Kakaı̈, 2018). However, there is no threshold
of dispersion parameter for which negative binomial model or other alternative
models should be considered (Bourne et al., 2007).

In addition, binary data are common in agriculture. For example, pres-
ence/absence data are widely used for modelling spatial distribution of the
species. Logistic regression is commonly applied to binary data in agriculture
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and related fields to predict the distribution of species and vegetation groups
under different environmental conditions (Calef et al., 2005). However, this model
cannot effectively identify environmental factors responsible for distribution when
a species is still expanding its range (Brown, 1994). Indeed, its predictive power
over a broad spatial scale is usually low (Guisan et al., 2002). Moreover, GLMs are
limited by the fact that they could be used only for fixed factors (McCulloch and
Searle, 2001).

In GLMs, parameters are estimated through maximum likelihood estimation (MLE).
However, for the overdispersed data, several studies have shown that the use
of maximum likelihood estimation is less robust (Nelder and Lee, 1992; Paul
and Saha, 2007). A number of alternatives have been discussed in the literature
through simulation studies and more robust methods such as extended quasi-
likelihood (EQL) have been proposed (Nelder and Pregibon, 1987; Godambe and
Thompson, 1989). The primary difficulty of using EQL for applied researchers
is that there is currently no software providing a friendly use of this estimation
method.

6. General guidelines for an effective use of GLMs

The following steps should be used as guidelines and reported when applying
GLMs:

– the first step is to identify the nature and types of variables or factors, and the
distribution of the response variable. In the case of non-normal response and
only fixed factors in the dataset, the GLMs should be used. Then, the appropri-
ate link function should be identified (for example, Poisson distribution and log
link for count data, binomial distribution and logit link for binary data);

– fit the appropriated models;
– assess the model adequacy using for instance the Deviance or Pearson goodness

of fit test;
– check the significance of coefficients using Wald test or likelihood ratio test;
– select variables if necessary;
– select the best model if there are several competing models using appropriate

selection criteria, such as AIC, BIC, DIC;
– interpret the different coefficients and the relationships between the response

and explanatory variables.

These steps are not exhaustive and should be adapted according to the objective
of the study. An application guideline in R software is provided in Appendix.

7. Conclusions

The use of GLMs is becoming common in agricultural sciences and related fields
due to their flexibility to analyze various data (count, proportional, or binary
data). Despite the high level of interest expressed by applied scientists, this study
shows that GLMs are not always correctly applied in agricultural sciences. Indeed,
in many selected papers, useful and relevant outputs were not reported by users.
Close collaboration between statisticians and agricultural scientists is therefore
necessary to improve the quality of data analysis and the interpretation of GLMs
outputs. Statisticians can provide their expertise in experimental designs, data
analysis, and interpretation of parameters while applied scientists can well explain
biological phenomena.
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Journal of Applied Statistics, Vol. 10 (1), 2023, 1435 - 1450. On the use and interpretation
of Generalized Linear Models (GLMs) in agricultural sciences. 1445

Acknowledgment. We are extremely grateful to the editor and the anonymous re-
viewer for their valuable comments and suggestions, which have Helped to improve
the quality of our manuscript.

Journal home page: http://www.jafristatap.net



B.E. Lokonon, P.M.B. Guedezoume, S.M.M. Essetcheou and R. Glèlè Kakaı̈, African
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Journal of Applied Statistics, Vol. 10 (1), 2023, 1435 - 1450. On the use and interpretation
of Generalized Linear Models (GLMs) in agricultural sciences. 1447

Paul, S. and Saha, K. K. (2007). The generalized linear model and extensions: a
review and some biological and environmental applications. Environmetrics: The
official journal of the International Environmetrics Society, 18(4), 421–443.

Nelder, J. A. and Pregibon, D. (1987). An extended quasi-likelihood function.
Biometrika, 74(2), 221–232.

Godambe, V. and Thompson, M. E. (1989). An extension of quasi-likelihood esti-
mation. Journal of statistical planning and inference, 22(2), 137–152.
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Appendix: Application guideline in R software

Case study

A hunting area manager wanted to model the number of animals killed by hunters
per week. He aimed to investigate whether the size of hunter groups and the
type of hunting (nocturnal or diurnal) were significantly related to the number of
animals killed by hunters per week, and if so, characterize these relationships.
We present in the following lines, a step by step procedure to analyze the data.

Step 1: Identify the variables
The variables in the dataset are: Number animals (number of animals killed by
hunters); Hunter type (type of hunting (nocturnal or diurnal)) and Group size (num-
ber of individuals per hunter group). Number animals is the response variable and
Hunter type and Group size are the explanatory variables. The response variable is
count discrete and there are no random factor in the explanatory variables. This
suggests that GLMs with Poisson model or an extension should be relevant.

Step 2: Load needed libraries and data

library(MASS)

library(aod)

Data <- read.table('clipboard', h = T)

attach(Data)

names(Data)

## [1] "Group_size" "Hunter_type" "Number_animals"

Step 3: compute mean and variance of the response variable as well as dis-
persion parameter

m <- mean(Number_animals)

v <- var(Number_animals)

disp <- v/m

list <- c(m,v,disp)

print(cbind(list))

## list

## [1,] 5.049505

## [2,] 251.667525

## [3,] 49.840039

The mean number of animals is 5.05 and the variance is 251.67 (about 50 times
the mean) indicating that the data are overdispersed.

Step 4: fit the models and select the best
Let apply Poisson model as a starting point of a count data model.

pois <- glm(Number_animals ~ Group_size + Hunter_type, family='poisson',

data = Data)

#summary(pois)

Step 5: assess the model adequacy
Let use Deviance test as goodness of fit test to assess if the model fits well the
data. The null hypothesis of this test is H0: the model fits well the data and the
alternative hypothesis is H1: the model does not fit well the data.
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1 - pchisq(summary(pois)$deviance, summary(pois)$df.residual)

## [1] 0

P-value related to the test is less than 0.05 meaning that Poisson model does not
fit well the data.
As Poisson model does not fit well the data due to the overdispersion, we will con-
sider its extensions. Here, we only consider quasi-Poisson and negative binomial
models since there is no zero inflation issues in the data.
We first use Quasi-Poisson model to fit the data. Quasi-Poisson assumes that the
variance is proportional rather than equal to the mean.

qpois <- glm(Number_animals ~ Group_size + Hunter_type, family = 'quasipoisson'

, data = Data)

#summary(qpois)

Let use Deviance test to assess if the model fits well the data.

1 - pchisq(summary(qpois)$deviance, summary(qpois)$df.residual)

## [1] 0

Quasi-Poisson model does not fit well the data (p ¡ 0.05).
Let consider negative binomial model. This model is fitted with the function glm.nb()
of MASS package.

nb <- glm.nb(Number_animals ~ Group_size + Hunter_type, data = Data)

#summary(nb)

The Deviance test is apply to assess if negative binomial model fits well the data.

1 - pchisq(summary(nb)$deviance, summary(nb)$df.residual)

## [1] 0.9040891

The P-value is 0.90 (greater than 0.05), then H0 is accepted and we conclude that
negative binomial model fits well the data.

Step 6: assess significance of the coefficients
Let use the Wald test (with the function wald.test available in the package aod) to
assess the significance of the coefficients. The null hypothesis of this test is H0:
the coefficients are null and the alternative hypothesis is H1: At least one of the
coefficient is non null.

wald.test(b = coef(nb), Sigma = vcov(nb), Terms = 1:2)

## Wald test:

## Chi-squared test:

## X2 = 263.7, df = 2, P(> X2) = 0.0

P-value relative to the test is less than 0.05 meaning that the coefficients are
significant.

Step 7: interpret the results
The summary of the outputs from the negative binomial model is presented below.
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summary (nb)

## Call:

## glm.nb(formula = Number_animals ~ Group_size + Hunter_type, data = Data,

## init.theta = 1.788053289, link = log)

## Coefficients:

## Estimate Std. Error z value Pr(>|z|)

## (Intercept) -1.73424 0.41339 -4.195 2.73e-05 ***

## Group_size 0.79306 0.09022 8.790 < 2e-16 ***

## Hunter_typeNight -1.85611 0.21953 -8.455 < 2e-16 ***

## Signif. codes: 0 '***' 0.001 '**' 0.01 '*' 0.05 '.' 0.1 ' ' 1

## (Dispersion parameter for Negative Binomial(1.7881) family taken to be 1)

## Null deviance: 241.559 on 100 degrees of freedom

## Residual deviance: 80.251 on 98 degrees of freedom

## AIC: 444.18

## 2 x log-likelihood: -436.178

On the line corresponding to Group size variable, the coefficient 0.79 associated to
this variable means that, one unit increases in the group size multiplies the mean
number of killed animals by exp(0.79)=2.20. We can also see that the associated
p-value is less than 0.05. We can say that there is a significant association between
the two variables.
For the line relating to the hunter type variable, it is noted that the title is
Hunter typeNight. Indees, the results provided on this line concern nocturnal hunt-
ing relatively to diurnal hunting who serve as a reference. The results show negative
coefficient and significant (p-value ¡ 0.05) association between nocturnal hunting
and number of animals. Then, the mean number of killed animals in nocturnal
hunting is lower than those killed in diurnal hunting. In other terms, the mean
number of killed animals in nocturnal hunting is exp(-1.86)=0.15 times those killed
in diurnal hunting.
The equation of the model is: ln(λ) = −1.73 + 0.79 × Group size − 1.86 ×
Hunter typeNight, with λ the mean number of killed animals.
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